Introduction
The antecedent soil moisture condition prior to rainfall is a key factor in determining the hydrological response as it mainly governs the generation of runoff due to its effect on infiltration capacities. In hydrologic modelling, the prediction of runoff is therefore highly sensitive to the description of antecedent soil moisture conditions. The response of the hydrologic models to antecedent soil moisture is moreover often highly non-linear and shows a threshold behaviour (Zehe and Blöschl, 2004) .
The effect of antecedent soil moisture spatial variability on hydrologic response at the field scale has been widely addressed in numerous studies through hydrologic modelling. The large effect of soil moisture variability on runoff response is to be attributed to the prominent role of soil moisture in runoff generation by either infiltration excess or saturation excess overland flows (Zehe and Blöschl, 2004) . The location of runoff contributing areas, which are directly related to the soil moisture state, modulates the hydrologic response as generated runoff can re-infiltrate on its way downhill to the catchment outlet. In particular, Merz and Plate (1997) ; Merz and Bardossy (1998) and Bronstert and Bardossy (1999) showed that accounting for the spatial variability of antecedent soil moisture yields a greater runoff Published by Copernicus Publications on behalf of the European Geosciences Union. compared to assuming uniform soil moisture conditions, denoting the non-linear response of the hydrologic model to antecedent moisture conditions. Regarding the type of variability, Merz and Plate (1997) ; Merz and Bardossy (1998) and Zehe et al. (2005) observed that a structured soil moisture pattern results in a greater runoff than a stochastic random variability, especially when large contributing areas were connected by a flow channel to the outlet. In contrast to this, Bronstert and Bardossy (1999) observed the smallest runoff response with structured soil moisture patterns compared to random patterns. This was attributed to the actual poor organisation of the structured pattern that was observed in dry conditions. Bronstert and Bardossy (1999) also showed that the introduction of topographic data in modelling of soil moisture was the best strategy to obtain a runoff response close to the measured outlet response. The importance of spatial variability of soil moisture for hydrologic modelling has also received a specific attention in data assimilation studies (Houser et al., 1998; Pauwels et al., 2001; Crow and Ryu, 2009; Brocca et al., 2010) .
The way spatial variability of soil moisture impacts runoff is depending on model parameterisation, average soil moisture state itself (Zehe et al., 2005 (Zehe et al., , 2010 and type of rainfall which is considered (Bronstert and Bardossy, 1999; Noto et al., 2008) . In particular, Noto et al. (2008) pointed out that the well-known high sensitivity of the hydrologic model to antecedent soil moisture conditions may be observed only under specific rainfall forcing. In that respect, in a semi-arid catchment, Castillo et al. (2003) noticed that runoff response is insensitive to antecedent soil moisture conditions for high intensity rainfalls or for poorly permeable soils. Hence, in some conditions, assuming a constant mean soil moisture may be sufficient to correctly model the rainfall-runoff response, particularly if extreme events are considered (e.g., in flood risks applications). The effect of spatial variability of soil moisture were particularly observed in steep topography (Kuo et al., 1999; Castillo et al., 2003) that allows lateral redistribution of water over the catchment. It is also expected to be substantial in dry conditions as shown in Merz and Plate (1997) where two antecedent soil moisture conditions were compared. It is worth noting that highly wet conditions inherently exhibit low spatial variability because of the bounded behaviour of soil moisture by saturation (Famiglietti et al., 2008) .
The scale aggregation of soil moisture data as well as other inputs (e.g., digital elevation model) can also highly alter the accuracy of the response of the hydrologic model. Using information theory, Kuo et al. (1999) noticed that the deviations in simulated runoff increase proportionally with the grid size of a distributed hydrologic model, especially for steep topography and in wet conditions. Finally, the high sensitivity of runoff response to antecedent soil moisture implies that uncertainty in soil moisture characterisation exerts a large effect on the predictability of hydrologic models, similarly to the effect of soil moisture variability (Zehe and Blöschl, 2004) . Still, the effect of the variability of soil moisture on runoff response has to be investigated for various conditions of catchment attributes, soil moisture patterns and rainfall forcing.
In the near future, the availability of in-situ measurements of soil moisture for hydrologic applications is expected to greatly increase through the development of soil moisture dedicated remote sensing platforms (Wagner et al., 2007) , soil moisture electrical sensors and their implementation in sensor networks (Vereecken et al., 2008; Robinson et al., 2008) and non-invasive sensors such as ground penetrating radar (GPR) (Huisman et al., 2003; Lambot et al., 2008a) . In that respect, GPR has shown great potential to accurately characterise soil moisture at the field scale with high resolution (Serbin and Or, 2005; Weihermüller et al., 2007; Lambot et al., 2008b; Minet et al., 2011) . As pointed out by Western et al. (1999) , high-resolution soil moisture datasets are required to readily assess the effect of antecedent soil moisture conditions, rather than relying on few point values that may not capture the real soil moisture patterns. Nevertheless, hydrologic modelling of processes occurring at an intermediate scale between coarse-scale (∼km) remote sensing and finescale (∼m) soil moisture measurement techniques is limited by a scale-gap in soil moisture information. The combination of these two types of information by disaggregating (or downscaling) coarse-scale to fine-scale soil moisture data is thus of particular interest (Crow et al., 2000) . In that respect, Loew and Mauser (2008) investigated the use of prior information on spatially persistent soil moisture patterns to disaggregate coarse-scale remotely-sensed soil moisture data. Disaggregated soil moisture values may be also particularly valuable for soil moisture data assimilation in hydrologic models (Merlin et al., 2006) .
To extent previous work about the strong nonlinear effect of antecedent soil moisture on field scale hydrological response in temperate climate conditions, this paper aims to: (1) investigate the effect of different scenarios of highresolution spatial structure of antecedent soil moisture on simulated runoff at the field scale and; (2) find the spatial structure of the within field soil moisture that most closely approaches the measured soil moisture pattern in terms of hydrologic response. Seven scenarios of antecedent soil moisture patterns, together with GPR measured soil moisture patterns, were defined in order to determine which degree of description of soil moisture spatial variability is necessary to get an adequate estimation of the runoff. The main novelties of this work compared to the previous studies are: (1) to benefit from a fast soil moisture mapping technique at high resolution (∼m) at the field scale (several ha) and; (2) to rely on ten field acquisitions of soil moisture in different field and moisture conditions. This work may also help when coarse-scale remotely-sensed soil moisture data are to be disaggregated into fine-scale patterns in hydrologic or climatic models.
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Agricultural fields
In this paper, we used soil moisture data collected during ten GPR acquisitions performed in five different agricultural fields situated in the centre of Belgium and Luxembourg (see Table 1 ). The fields are characterized by relatively similar topography, soil type and land cover but the acquisitions were performed in different moisture conditions. The GPR acquisitions were performed in spring when fields were covered by barley or wheat, except for the Walsdorf site where acquisition was performed in summer after barley cropping. All the acquisitions were performed on bare or nearly-bare soils with vegetation height less than 10 cm and a soil roughness less than 5 cm, thus avoiding scattering issues in the measured GPR data. In each field surveyed by the GPR, the largest catchment was delineated, as some fields are actually constituted of several catchments. Moreover, the fields were considered as hydrologically isolated from the neighbouring plots (i.e., by ditches or rural roads along the field limits). For some fields, that were, Keispelt, Marbaix and Burnia, the delineated catchments encompasses the whole surveyed field. Catchment areas are given in Table 1.
Sensing of soil moisture by ground penetrating radar
In this paper, soil moisture was measured by a proximal offground GPR system operating in the frequency domain (200-2000 MHz) (Lambot et al., 2004 (Lambot et al., , 2006 . For non-magnetic soils, the GPR wave propagation is governed by the soil dielectric permittivity ε and electrical conductivity σ . As the dielectric permittivity of water (ε w ≈ 80) is much larger than the one of the soil particles (ε s ≈ 5) and air (ε a = 1), GPR measurements are mainly influenced by the soil water content. Soil moisture was derived from the measured GPR data using inversion of the GPR data after soil-antenna interactions filtering (Lambot et al., 2004) . The surface soil relative dielectric permittivity was retrieved by inverting the GPR data focused on the surface reflection using an electromagnetic model simulating the propagation of the wave into the soil (Lambot et al., 2006) . In order to avoid noise in the GPR data that arises at high frequencies because of soil roughness, the inversions were led in the limited frequency range from 200 to 800 MHz. Optimisation was performed using a local search algorithm, that was, the Levenberg-Marquardt algorithm (Marquardt, 1963) . Two parameters were optimised in the inversion, that were, the surface soil dielectric permittivity ε and the GPR antenna height above the ground. In this paper, the soil electrical conductivity σ was not optimised but was directly derived from the soil moisture θ using a laboratory-calibrated relationship following the model of Rhoades et al. (1976) :
where the parameters are set to a = 1.85, b = 3.85 × 10 −2 , σ w = 0.075 Sm −1 and σ s = 5.89 × 10 −4 Sm −1 . After GPR inversion, the optimised surface soil dielectric permittivity ε was translated into surface soil moisture θ using the Topp's petrophysical relationship (Topp et al., 1980) :
The GPR method for soil moisture retrieval was widely validated in laboratory conditions (Lambot et al., 2004 (Lambot et al., , 2006 Minet et al., 2010) and applied to field conditions (Weihermüller et al., 2007; Lambot et al., 2008b; Jadoon et al., 2010; Minet et al., 2011) . The GPR-derived soil moisture uncertainty was quantified in Jadoon et al. (2010) and a RMSE of 0.025 in terms of volumetric water content between TDR and GPR estimates was found.
The GPR-derived soil moisture reflects the surface soil moisture with a depth of investigation of about 5-10 cm. This relatively shallow characterisation of soil moisture may be a limitation for using the soil moisture data in a hydrologic model, as the hydrological active soil layer extends up to 20 cm in the hydrologic model and because of the possible decoupling of surface and subsurface soil moisture (Capehart and Carlson, 1997; Vereecken et al., 2008) . Nevertheless, the use of a proximal GPR operating in a large frequency bandwidth and at relatively low frequencies inherently provides a deeper characterisation of soil moisture than remote sensing instruments. Moreover, a deeper characterisation could be obtained using a multi-layered soil model, as shown in Minet et al. (2011) . In this study, it is assumed that the surface soil moisture reflects the soil moisture of the hydrological active soil layer or, at least, its spatial variability. For field acquisition, the GPR system was mounted on an all-terrain vehicle (ATV) with a differential global positioning system (DGPS) and a PC (Minet et al., 2011) . Realtime GPR measurements were performed at a regular distance spacing of two meters in the same track, according to the DGPS position, which is known with a precision of about 3 cm. The ATV followed parallel tracks with a distance spacing of 5 to 15 m between tracks. More than 1000 points were measured per hour, with a driving speed of about 5 km h −1 . The antenna footprint where soil moisture is measured has a diameter of about 1.5 m. The proximity of the support and resolution scales permits to acquire nearly continuous soil moisture patterns similarly to radar remote sensing platforms but at higher resolution. Table 2 summarises the 10 GPR acquisitions and shows the number of measurement points and the duration of the acquisition for each field campaign. Time-lapse measurements were performed in two fields only, i.e., in Marbaix and Burnia, in spring 2009 and 2010, respectively. These time-lapse acquisitions permitted to compare the effect of different moisture conditions only.
Antecedent soil moisture scenarios
Soil moisture spatial variability can be analysed in terms of stochastic or deterministic variability (Blöschl and Sivapalan, 1995) . Stochastic variability (or random, nonstructured variability) of soil moisture entails that soil moisture can not be a completely deterministic variable based on local attributes but rather a variable with global statistical properties that can be determined. On the other hand, soil moisture can be viewed as a spatially deterministic (or structured) variable that is uniquely determined by spatial conditions, mainly topography, soil properties, and vegetation cover. The introduction of auxiliary spatial data (e.g., topography) to simulate soil moisture thus results in deterministic soil moisture patterns. Between these two extremes, hydrological systems exhibit soil moisture conditions that can be modelled from pure random variability to highly structured soil moisture patterns, with intermediate degree of organisation (Western et al., 1999) . It is worth mentioning that a stochastic soil moisture description implies several random realisations while a deterministic soil moisture pattern is usually a unique realisation. Except the pure random case, soil moisture patterns can be captured using variograms or connectivity functions.
In this study, soil moisture scenarios are based on point measured data, that are displayed as an example for Marbaix, 15 April 2009 in Fig. 1 . In order to assess the effect of different antecedent soil moisture conditions in hydrologic modelling, seven different types of antecedent soil moisture maps were constructed (see further explanations in this section below): Scenarios 2 to 4 are deterministic scenarios, i.e., they consist of a unique realisation, while scenarios 5 to 7 are stochastic scenarios, for which 1000 realisations were produced. These soil moisture scenarios are all based on GPR-derived soil moisture that was measured during field acquisitions. The soil moisture values measured by the GPR were not regularly spaced in the field, but rather followed the acquisition tracks (see Fig. 1 ). The hydrologic model however requires as an input perfectly grid-shaped antecedent soil moisture maps. Therefore, the measured values must be rasterised. The first scenario (Reference, Fig. 2a) , that is based on the real locations of GPR measured values, was thus made by filling a regular grid with the average of the measured values that fell into each pixel of the grid. The resolutions of the grids (see Table 1 ) were set as the maximum resolution that avoids having an empty pixel in the grid.
For the second scenario (Constant), soil moisture values were set as constant over space and equal to the mean of the measured values from the first map. This map is not presented in Fig. 2 .
In the third scenario (Structured, Fig. 2b ), measured values were sorted according to the topographic wetness index (TWI), as defined by Beven and Kirkby (1979) :
where a is the raster of the flow accumulation and β is the raster of the slope expressed in %. We used a single direction algorithm to compute the flow accumulation raster, as was used in previous studies (e.g., Merz and Plate, 1997) . The TWI was preliminary computed over the fields using a digital elevation model of same resolution that was set in the first scenario. Then, moisture and TWI values were ranked and moisture values were attributed to the pixels where the TWI was in the same rank. The fourth scenario (Structured inv , Fig. 2c ) is the counterpart of the third one, that is, soil moisture and TWI values were inversely ranked, so that the pixels with the highest TWI values received the lowest soil moisture values. The TWI was chosen for modelling structured soil moisture patterns because of the lack of other detailed sources of information for these fields (e.g., soil properties, vegetation) and for its high predictive power in wet conditions (Western et al., 1999) . The limited elevation range of the fields may however limit the redistribution of water according to the topography and restrain the explanatory power of the TWI for soil moisture in these fields. Although high-resolution soil information at the field scale could have provided more insights for explaining moisture patterns, no high-resolution soil parameters can be usually found at the catchment scale (>10 km). We thus investigated the use of topographicallyderived indices (i.e., TWI) for soil moisture modelling in a data-scarcity context. As soils were bare or nearly-bare, the influence of vegetation heterogeneities on spatial soil moisture variability might be furthermore limited in our study. In addition, land cover heterogeneities are limited in our study as the fields are managed as single plots. For larger catchment scale (>10 km), land cover differences among the fields may better explain soil moisture patterns (Western et al., 1999) . For drier climatic conditions, when potential evapotranspiration exceeds precipitation, local controls as potential radiative indices have shown better correlations with observed soil moisture (Grayson et al., 1997) . Some reviews about the predictive power of the TWI for soil moisture can be found in Western et al. (1999) and Sørensen et al. (2006) .
The fifth scenario (Random, Fig. 2d ) maps were made by randomly permuting the measured values over space. As the random process can lead to different maps, 1000 realisations of this scenario were repeated, as well as for the two following scenarios (stochastic variability scenarios).
The sixth scenario (Variogram, Fig. 2e ) maps were made by simulating gaussian soil moisture patterns using variograms describing the spatial dependence of soil moisture. Variograms were computed considering the spatial dependence of the data along the acquisition lines only, neglecting the spatial dependence of the data of adjacent lines (Minet et al., 2011 ). An exponential model accounting for a nugget effect was fitted for all the variograms. Zero-mean gaussian distributed values were then simulated in each grid pixel using an implementation of the sequential non conditional method. Finally, measured values were ranked and attributed to the pixels where the simulated values were in the same rank. This ranking procedure permitted therefore to preserve exactly the same distribution of values as in the Reference, Random, Structured and Structured inv scenarios.
The seventh scenario (Connected, Fig. 2f ) is characterised by connected patterns of high soil moisture values. It was made following the method of Zinn and Harvey (2003) that was used here to produce a highly connected pattern of a given variable. First, spatially coherent values of a zeromean gaussian distribution were simulated over the field extent as for the Variogram scenario. Second, the absolute value of the simulated values were taken, so that the locations where the values were close to zero (i.e., now the lowest values) became connected between them. In order to conserve the spatial properties of the simulated values after taking the absolute value, the parameters of the variogram must be initially modified. Hence, the range was multiplied by the scale factor of 1.86 and the nugget effect was divided by 2. Finally, inversely ranked measured values were attributed to the pixels where simulated values were in the same rank, so that the connected paths (i.e., the lowest simulated values) received the highest soil moisture values.
It is worth noting that all scenarios have the same mean as the Reference scenario, and that all scenarios, except the Constant one, show exactly the same soil moisture distribution as the Reference scenario, owing to the ranking procedure. Moreover, the Reference, Variogram and Connected maps were characterised by the same variogram. This allowed to truly compare the modelling discharge between the scenarios. Actually, the Random scenario can yield exactly the same antecedent soil moisture maps that were realised with the Reference, Structured, Structured inv , Variogram and Connected scenarios, as the same values were merely rearranged according to different schemes. But the probability that the Random scenario yield a particular realisation is drastically low, i.e., equals to 1 n! , where n is the number of grid cells per field, and may not be encountered in our study. The number of 1000 realisations for the stochastic scenarios is thus a tradeoff between the computation time and the desirable variability among realisations.
The hydrograph modelled with the Reference soil moisture map was assumed to be the reference hydrograph, as no measured discharges were available. Comparison of soil moisture scenarios were performed based on Nash-Sutcliffe efficiency (NSE) coefficients between the hydrographs simulated with the measured soil moisture pattern (Reference scenario) and the other scenarios.
The effect of soil moisture spatial variability may also depend on the resolution (grid size) of the distributed hydrologic model. For investigating scale aggregation of antecedent soil moisture maps, hydrologic simulations were also performed with increasing grid sizes for the field campaign of Marbaix, 19 April 2009 for the seven scenarios. Nine grid sizes, uniformly ranging from 10 to 30 m, were selected. The field campaign of Marbaix, 19 April 2009 was chosen as it was performed in the largest field at high resolution, maximising the grid size range.
Hydrologic model
In this work, we used the hydrological component of the continuous runoff and erosion CREHDYS model (see Bielders (2008, 2009 ) for a comprehensive model description). It can be used at rainfall event scale to simulate highfrequency variability in rainfall-runoff processes. Short time steps are then required to properly capture soil physical dynamics. Consequently, the model requires one minute time step rainfall data as input. The model is spatially distributed and the flow path must be derived from topography through a flow accumulation grid. As we used the model for eventscale simulations only, the relevant modelled processes for runoff prediction are infiltration, soil depressional storage filling and runoff flow. For simplicity, no surface storage was however considered in this study. Infiltration is computed using the Green-Ampt model (Green and Ampt, 1911) which assumes a uniform wetting front infiltrating vertically. A single soil layer is assumed, which results in a single effective hydraulic conductivity along the entire topsoil depth. In its current form, the CREDHYS model therefore simulates infiltration-excess overland flow only and does not simulate saturation-excess runoff caused by shallow impervious layer Hydrol. Earth Syst. Sci., 15, 1323-1338, 2011 www.hydrol-earth-syst-sci.net/15/1323/2011/ or perched aquifers. Runoff flow is routed along flow paths using a one-dimensional kinematic wave equation. Although not strictly required by the model to simulate the runoff dynamics at the event scale, note that percolation is computed within and between precipitations using the method of Savabi and Williams (1995) . In addition, no evapotranspiration is taken into account within a single rainfall event.
The same rainfall forcing was used for every simulation. It was recorded in central Belgium and corresponds to a short and intensive storm with a return period of 6 yr (17.4 mm in 16 min). Because no discharge measurements are available, the hydrologic model could not be specifically calibrated for each of the fields. We therefore selected a typical model parameterisation for a mildly crusted bare loamy soil. In the absence of surface storage, the soil properties to be considered by the model are the effective saturated soil hydraulic conductivity, KS [mm h −1 ], the absolute value of the Green-Ampt soil matrix potential at the wetting front, ψ The KS equal to 20 mm h −1 was too small for Burnia site for generating differences between scenarios. The KS parameters were thus set accordingly the range of values found in Laloy and Bielders (2008) and Laloy et al. (2010) for a similar soil and for observing different runoff responses according to soil moisture scenarios. Lastly, it is worth mentioning that antecedent soil moisture θ was found to be one of the most sensitive parameters of CREHDYS with respect to runoff production (Laloy and Bielders, 2008) . Hence, as the model is spatially-distributed, it is expected that spatial organisation of soil moisture strongly affects the runoff prediction at the outlet. Table 2 presents the within-field mean and standard deviation of GPR measured soil moisture and the parameters of the fitted variograms for the ten field campaigns. As an example, that the point-symbols appear around two times larger on the map compared to the real GPR antenna footprint size. Soil moisture conditions were clearly dry for this GPR acquisition, with a corresponding smaller variability compared to the other acquisitions (see Table 2 ).
Results

Soil moisture data measured by ground penetrating radar
Soil moisture values appeared globally spatially coherent, although some nugget effect can be observed between neighbouring points. In particular, we could notice a line effect with a high spatial coherence for points along the same acquisition line (i.e., the acquisition tracks), whereas there were some abrupt changes when moving to adjacent lines, as already observed and discussed in Minet et al. (2011) . At a larger scale however, soil moisture patterns were mainly related to the topography, that is, hilltops were drier than the thalwegs. The wettest areas appeared in the bottom of the thalwegs and near the outlet. Figure 3 shows the variogram of soil moisture values computed along the acquisition lines for the field campaign in Marbaix, 15 April 2009. Spatial coherence was observed, with a regular increase of soil moisture variance with increasing distance classes up to the range, which reached 260 m, while other field campaigns showed smaller ranges. The nugget effect accounted for 23% of the total sill (Table 2 ). Pearson's coefficients of correlation between the TWI and measured soil moisture from the Reference maps were computed (r TWI,θ , Table 2 , last column) and was equal to 0.385 for Marbaix, 15 April 2009. For the other field campaigns, the correlation between the TWI and soil moisture was always lower and even negative, as for, e.g., Walsdorf. Relative difference between structured and structuredinv runoff volume as a function of the mean soil moisture in the field. random scenario can result in a hydrograph drastically different from another realisation. Other fields than Marbaix, 15 April 2009 showed average random hydrographs that were better approaching the ref erence one, but there were still a large variability between the realisations.
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The hydrographs from the variogram scenario (Fig. 7) cover a wider range of values, largely overlapping the range delineated by the hydrographs from the structured and the structured inv scenarios. The antecedent soil moisture map of the variogram scenario giving the largest discharge was 610 actually characterised by a well-connected soil moisture pattern with the highest soil moisture values near the outlet (map not shown). It was observed that, for all fields, the highest variogram scenario hydrograph showed the largest runoff peak and volume compared to the highest random 615 hydrograph. The hydrographs from the connected scenarios (Fig. 8) also cover a wide range of values, similarly to the variogram coverage. The average hydrographs of the stochastic soil moisture scenarios gave on average higher runoff than the constant scenario. Table 3 presents the runoff peaks and total runoff volumes resulting from the hydrologic simulations for the ten field campaigns and the seven scenarios. Figure 4 shows the hydrographs for four field campaigns only. For stochastic soil moisture scenarios, i.e., Random, Variogram, Connected, the average hydrographs of the 1000 realisations are depicted. The Constant scenario, where soil moisture uniformly equals the mean value, showed a lower runoff peak and volume compared to all other scenarios, except the Structured inv . For Burnia, 30/03/2010 and 06/04/2010, the smallest runoff peaks were found with the Constant scenario. The hydrographs simulated with the Structured and Structured inv scenarios completely delineated the range of variation of the other hydrographs for Marbaix -15/04/2009 (Fig. 4b) as well as for Marbaix -19/03/2009 and for the first three dates in Burnia. For the other field campaigns, although some scenarios (e.g., the Reference) can exceed this range, the hydrographs from the two soil moisture maps based on the TWI (i.e., Structured and Structured inv ) generally gave the range of variation for the other hydrographs. In terms of runoff volume, the Structured scenario always resulted in the largest discharge. The Structured inv scenario resulted in the lowest runoff volume in 9 out of 10 field campaigns. It is worth noting that large differences in runoff peak and volumes existed between the different dates of the time-lapse acquisitions in Burnia and Marbaix. The amount of runoff appeared to be largely sensitive to the wetness state of the antecedent conditions.
Effect of antecedent soil moisture on hydrographs
Hydrographs simulated with the deterministic soil moisture maps
As mean soil moisture increases, the range of variation of the hydrographs between the two extreme scenarios (Structured and Structured inv ) tends however to diminish. Figure 5 shows the relative difference between Structured and Structured inv runoff volume as a function of the mean soil moisture in the field. There was a good agreement between these two variables considering the Belgian fields (Burnia, Marbaix, Walhain) only, with a coefficient of correlation of −0.920, compared to a coefficient of correlation of −0.729 for all fields. The range of variation of the hydrographs, i.e., the sensitivity of the runoff response to the soil moisture spatial variability, appeared thus to be minimised in wet conditions. It is worth mentioning that repeated measurements in Hydrol. Earth Syst. Sci., 15, [1323] [1324] [1325] [1326] [1327] [1328] [1329] [1330] [1331] [1332] [1333] [1334] [1335] [1336] [1337] [1338] 2011 www.hydrol-earth-syst-sci.net/15/1323/2011/ Marbaix and Burnia exhibited a temporal stability of measured soil moisture patterns that may explain the good correlation when considering the fields separately. The particular behaviour of the Reference scenario for Walsdorf, which gave a small runoff peak and volume compared to the other fields, originates from the specific organisation of the measured soil moisture. The wettest part of the field in Walsdorf was observed in the plateau of the field whereas the driest part was located near the outlet, which is highlighted by the negative correlation between the TWI and soil moisture (Table 2, last column). A part of the runoff which was generated in the wettest part may then have reinfiltrated before reaching the outlet. Figure 6 shows the 1000 hydrographs from the Random scenario for the field campaign in Marbaix, 15 April 2009. The hydrographs from the four first soil moisture scenarios are also plotted, as well as the average Random hydrograph. The 1000 Random hydrographs cover a wide range of values but the peak discharge is always lower than the Reference and Structured hydrographs, denoting the particular arrangements of soil moisture patterns in these scenarios that produced a high discharge, although random simulation could theoretically provide the same soil moisture map as the ones from the Reference or Structured scenarios. It is worth noticing that a particular realisation of the Random scenario can result in a hydrograph drastically different from another realisation. Other fields than Marbaix, 15 April 2009 showed average Random hydrographs that were better approaching the Reference one, but there were still a large variability between the realisations.
Hydrographs simulated with the stochastic soil moisture maps
The hydrographs from the Variogram scenario (Fig. 7 ) cover a wider range of values, largely overlapping the range delineated by the hydrographs from the Structured and the Structured inv scenarios. The antecedent soil moisture map of the Variogram scenario giving the largest discharge was actually characterised by a well-connected soil moisture pattern with the highest soil moisture values near the outlet (map not shown). It was observed that, for all fields, the highest Variogram scenario hydrograph showed the largest runoff peak and volume compared to the highest Random hydrograph. The hydrographs from the Connected scenarios (Fig. 8) also cover a wide range of values, similarly to the Variogram coverage. The average hydrographs of the stochastic soil moisture scenarios gave on average higher runoff than the Constant scenario. Table 4 shows Nash-Sutcliffe efficiency coefficients (NSE) of the comparison between the different scenarios of antecedent soil moisture maps and the Reference scenario, for the ten field campaigns. The comparison of the soil moisture scenarios was performed based on the normalised NSE, that are, the NSE divided by the maximal NSE observed for each field campaign. This normalisation was set such that the mean, the standard deviation and the corresponding statistical tests for each soil moisture scenario can be computed.
Evaluation of soil moisture modelling scenarios
The stochastic scenarios of soil moisture, i.e., the Random, Variogram and Connected scenarios performed equally (based on a 95 % confidence interval) and gave on average higher NSE than the deterministic scenarios, especially for the Variogram scenario. The Structured scenario performed the best among the deterministic scenarios. Neglecting the field campaign of Walsdorf, the averages of the normalised NSE of the Structured and the Constant scenarios appeared significantly different, with a p-value of 0.0117. Although the Constant scenario performed better than the Structured one in two field campaigns, i.e., Waldorf and Burnia -24/03/2010, the Structured scenario was found to be a better approach for modelling the soil moisture spatial variability within a catchment than the Constant scenario.
Hydrol. Earth Syst. Sci., 15, 1323-1338, 2011 www.hydrol-earth-syst-sci.net/15/1323/2011/ Figure 9 presents the NSE of the Structured scenario with respect to the Reference, as a function of the correlation between measured soil moisture and the TWI. The performance of the Structured scenario in approaching the Reference hydrograph (i.e., NSE structured ) appeared to be related to the explanatory power of the TWI for soil moisture (i.e., r TWI,θ ), with a coefficient of correlation of 0.581 between these two variables. This correlation increased if we consider only field campaigns performed on the same field, e.g., the correlation rose to 0.898 when field acquisitions in Burnia only were considered. The bad performance of the Structured scenario in approaching the Reference scenario for Walsdorf pointed out above can be related to its negative correlation between the TWI and measured soil moisture. Similarly, the proximity of the Reference and Structured hydrographs for Marbaix -15/04/2009 (Fig. 4b) can be related to the largest correlation between the TWI and soil moisture that was observed for this campaign.
Varying grid sizes did not drastically change the hydrographs that were obtained with the 10 m resolution simulations (see Fig. 4b ). While the correlation between TWI and measured soil moisture slightly increased with grid size, there was not a clear increase of the NSE for the Structured scenario (Table 5) . Hydrologic simulations using different organisations of soil moisture patterns showed a large variability of runoff responses. This behaviour can be explained by the location of the runoff contributing and non-contributing (or even reinfiltrating) areas that are determined by antecedent soil moisture conditions (Noto et al., 2008) . Runoff is generated at a certain soil moisture threshold because rainfall intensity exceeds the effective infiltration capacity (Hortonian overland flow).
Based on single-cell hydrologic simulation, the antecedent soil moisture thresholds that triggered runoff generation were estimated to be approximately 0.25 and 0.20 m 3 m −3 for the 25 and 20 mm h −1 initial hydraulic conductivity, respectively. The threshold behaviour of the hydrologic model response to antecedent soil moisture results in a non-linear response of the model with soil moisture. Introducing spatial variability of soil moisture creates zones where the initial soil moisture is close or above this threshold, which rapidly become runoff contributing areas. The runoff response of the different soil moisture scenarios can be explained by the locations of runoff contributing areas that modulated the simulated runoff response at the catchment outlet:
-The Constant scenario resulted in smaller runoff than other spatially variable soil moisture scenarios (except the Structured inv ), denoting the non-linear response of the hydrologic model to soil moisture. Merz and Plate (1997) ; Merz and Bardossy (1998) and Bronstert and Bardossy (1999) also observed that constant soil moisture conditions resulted in the lowest discharge compared to spatially-variable soil moisture, either organised in a structured (Merz and Plate, 1997; Merz and Bardossy, 1998; Bronstert and Bardossy, 1999) or random (Merz and Bardossy, 1998; Bronstert and Bardossy, 1999) way. However, compared to spatiallyconstant soil moisture organisation, Merz and Plate (1997) observed similar (dry conditions) and smaller (wet conditions) discharge with randomly permuted values. This was explained by the possibility of reinfiltrating pixels placed along the flow channel, but this explanation was incoherent when comparing the results in dry and wet conditions. In our case, although some random realisations resulted in smaller discharge than the Constant scenarios, the average Random hydrographs appeared larger than the Constant ones, maybe due to the larger number of realisations in our study (1000 instead of 3) or to the different model parameterisations.
-The Structured scenario gave the largest discharge due to the locations of the contributing areas (i.e., the wettest areas) that were situated near the outlet and in the flow channels. However, for the Structured inv scenario, the contributing areas were far from the outlet and from the runoff network, so the generated runoff re-infiltrated when propagated to the field outlet.
-The decrease in the range of hydrographs, expressed as the difference between the Structured and Structured inv scenarios, with increasing mean soil moisture (Fig. 5) can be explained by the increasing size of the contributing areas in wet conditions. In dry conditions, small contributing areas are located near to and far from the outlet for the Structured and the Structured inv scenarios, respectively. As a result, the difference between these scenarios is maximised in dry conditions. Therefore, field acquisitions (i.e., Marbaix, Walsdorf and the first three dates of Burnia) that showed antecedent soil moisture below the soil moisture thresholds are expected to be more sensitive to spatial variability of soil moisture as thresholds are overtaken during the simulations. In wet conditions, the contributing areas expand and tend to cover the whole field, and as a result, the difference between the two scenarios tends to vanish. At an
Hydrol. Earth Syst. Sci., 15, 1323-1338, 2011 www.hydrol-earth-syst-sci.net/15/1323/2011/ extreme state of wetness, i.e., for a completely saturated soil, there would be no differences in terms of runoff between the two extreme scenarios. In that respect, Merz and Plate (1997) also pointed out that the effect of simulated spatially structured variability was more important in dry conditions because of the smaller size of the contributing areas.
-The average Random, Variogram or Connected hydrographs (i.e., the model outputs) appeared larger from the Constant hydrograph, although the average Random, Variogram or Connected antecedent soil moisture maps (i.e., the model inputs) are theoretically equals to the Constant one, denoting the non-linearity of the hydrologic model.
-The Variogram and Connected soil moisture scenarios gave a wider range of hydrographs and on average higher runoff peak and volume compared to the Random soil moisture scenario because of the spatial coherence of contributing areas, as it was also stated in Merz and Bardossy (1998) . This wide range is to be attributed to the spatial clustering of non-contributing reinfiltrating pixels that can be placed on or completely outside the flow channel, resulting in a small or great discharge, respectively. The probability that numerous reinfiltrating pixels are present on the flow channel is smaller in the Random scenario than in the Variogram and Connected scenarios because of the grouping of similar pixels.
-It was shown that a unique realisation of the Random scenario can not be used to properly model soil moisture patterns because of the large variability in modelled discharges. From a practical point of view, the Random scenario may suffer from the large requirement in computing resources, due to the need of several repetitions. This large variability between the realisations with the Random scenario compared to a structured soil moisture organisation was not observed in Merz and Plate (1997) and Merz and Bardossy (1998) . It seems that the threshold effect of soil moisture on runoff was stronger in our study than in these two previous ones, allowing for more re-infiltration and a larger impact of the locations of the contributing areas.
The second objective of this paper was to evaluate which description of soil moisture organisation is the most appropriate for hydrologic modelling at the field scale. The comparability of the fields may be limited by soil, topographic, resolution and moisture conditions differences. Nevertheless, the good performance of the Structured soil moisture scenario was observed for different field and moisture conditions, even in cases when measured soil moisture was poorly correlated with the TWI. It was shown that there was a larger comparability between the different soil moisture conditions for field campaigns performed on same fields (Burnia and Marbaix), even though there was a large variability of the runoff peak and volume amounts depending on the wetness conditions. Varying grid sizes did not alter the order of performance of the antecedent soil moisture scenarios (Table 5) . It was thus shown that, to some extent, the effect of spatial variability of antecedent soil moisture can be observed in various field conditions at the field scale, under a specific rainfall.
Soil moisture patterns and its relation with topographic wetness index
In this study, the TWI appeared to be a poor predictor of the measured soil moisture spatial distribution (see Table 2 ). Although some studies have shown that the explanatory power of the TWI for soil moisture may increase with scale aggregation (Sørensen et al., 2006) or by comparing grid cells accounting for an uncertainty in the location of the cells (Güntner et al., 2004) , this was only slightly observed when increasing the resolution scale (i.e., for Marbaix, 15 April 2009 only). Meanwhile, the use of multidirectional flow accumulation algorithms could also improve the computation of the TWI and its correlation with measured soil moisture (Quinn et al., 1995; Tarboton, 1997; Seibert and McGlynn, 2007) . The explanatory power of the TWI for soil moisture may be limited in dry conditions, as observed for Walsdorf. Indeed, for this case, the soil moisture pattern may be better explained by soil type or radiative indices, as it was the only field campaign that was conducted in summer. The predictive power of the Structured scenario appeared to be related to the correlation between the measured soil moisture and the TWI (Fig. 9) . Nevertheless, for some field campaigns, this weak negative correlation contrasted with the rather good NSE of the Reference scenario compared to the Structured scenario, as for, e.g., Walhain, 7 April 2008, which has r TWI,θ = −0.064 and NSE structured = 0.869. This can be explained by the non-unicity of the hydrologic model with respect to the antecedent soil moisture maps for a particular hydrograph, that is, a large number of antecedent soil moisture maps can result in the same hydrograph. In that respect, a measured soil moisture pattern which is poorly correlated with the TWI could still result in a runoff response close to the one of the Structured scenario.
In the hydrologic simulations using CREHDYS, flow paths are governed by topography, but it is worth noticing that in reality, deviating structure within (e.g., wheel tracks) and between (e.g., ditches, roads) fields may limit the use of solely topographically-driven hydrologic modelling. If not accounted for in real case experiment, it would reduce the relationship between the explanatory power of the TWI for soil moisture and the runoff response using the Structured scenario. In these simulations, the same topography information (e.g., same grid resolution) is used for both hydrological modelling and reordering soil moisture in the Structured scenario. This might have increased the correlation between the NSE structured and the explanatory power of the TWI for measured soil moisture. Grayson et al. (1997) showed that soil moisture patterns tend to be characterised by a larger stochastic variability in dry conditions while they appear more structured in wet conditions. Nevertheless, for the 10 soil moisture datasets presented here, there was no clear trend between the mean soil moisture and the importance of the nugget effect (Table 2) , except for Burnia where a decrease in the Nugget/Sill ratio is observed with increasing soil moisture. The overall poor relation may originate from the different field conditions in terms of soil type and topography and from the limited soil moisture range of the field campaigns.
Disaggregation of soil moisture
Disaggregating coarse-scale soil moisture data into fine-scale patterns needs to account for the importance of spatial variability on runoff responses. For large catchments (>10 km), spatial distribution of soil moisture can not be measured at high resolution (e.g., ∼m) at the field scale. Nevertheless, coarse-scale remotely-sensed soil moisture data could be disaggregated by combining a geostatistical description of finescale soil moisture patterns with other sources of fine-scale information (e.g., topography as in Pellenq et al., 2003) , if soil moisture patterns could be explained by this information. In that respect, several authors have proposed empirical relationships between the mean soil moisture and its corresponding standard deviation for different extent scales using soil moisture data from remote sensing estimates and invasive sensors at various extent scales (Western et al., 2003; Vereecken et al., 2007; Famiglietti et al., 2008) . Therefore, fine-scale antecedent soil moisture maps are to be modeled from coarse-scale remotely-sensed soil moisture data according to the effects of soil moisture spatial variability on runoff response.
Conclusions
We investigated the effect of antecedent soil moisture spatial variability on runoff response using a distributed hydrologic model at the field scale. Ten field acquisitions of soil moisture at high resolution were obtained using a mobile proximal GPR platform. Based on these soil moisture data, seven scenarios of antecedent soil moisture maps were constructed with different spatial organisations. Hydrologic simulations were then performed for each field acquisition with seven antecedent soil moisture scenarios.
The first objective of this study was to investigate the effect of different antecedent soil moisture scenarios on field scale runoff response. The high sensitivity of antecedent soil moisture spatial variability on the runoff response was clearly shown for all the field acquisitions in various field and moisture conditions, but in a larger extent in dry conditions. Spatially constant antecedent soil moisture conditions (Constant scenario) resulted in a smaller discharge than scenarios exhibiting soil moisture spatial variability, except for the Structured inv scenario. When soil moisture was arranged according to the TWI (Structured scenario), the runoff volume was the largest for all field campaigns. At the opposite, when soil moisture was inversely arranged according to the TWI (Structured inv scenario), the runoff volume was in general the lowest. Stochastic scenarios of antecedent soil moisture (i.e., Random, Variogram and Connected) gave on average similar and intermediate hydrographs, but there was a wide variability between the stochastic realisations. The observed effects of soil moisture spatial variability on the runoff could be explained in terms of contributing areas, with respect to their sizes and their locations within the field, as runoff is triggered above a soil moisture threshold. The spatial variability of antecedent soil moisture conditions therefore resulted in different runoff responses compared to field-averaged values because of the non-linearity of the runoff production to antecedent soil moisture.
The second objective of this study was to find the soil moisture scenarios that most closely approach the measured soil moisture pattern in terms of runoff response. The average hydrograph from the Variogram scenario was the best soil moisture modelling scenario. Yet, it is worth noting that a particular realisation can perform very badly. Among the deterministic soil moisture scenarios, Structured performed the best, which was moderately related to the correlation of measured soil moisture and the TWI itself.
Except few particular cases, the effects of spatial variability of soil moisture on runoff response which were already analysed in previous studies (Merz and Plate, 1997; Merz and Bardossy, 1998; Bronstert and Bardossy, 1999) could be generalised for various field and moisture conditions. In the absence of other detailed source of information, organising the soil moisture pattern accordingly to the TWI appeared to be the best soil moisture modelling method, even when TWI was poorly correlated to measured soil moisture. Given the high availability of topographic data at high resolution, disaggregating remotely-sensed soil moisture data using TWI information might be valuable. Nevertheless, these findings may be better validated against real discharge measurements.
